Relationships and variability of bio-optical properties in coastal waters are investigated. Optical proxies indicate that these coastal waters are optically complex and highly variable and are categorized as follows: (1) relatively clear and dominated by high index of refraction, biogenic particles, (2) more turbid, consisting of mostly inorganic particles and little phytoplankton, (3) extremely turbid with high concentrations of inorganic particles, and (4) more turbid and dominated by biogenic particles. We present a method, alternative to traditional remote-sensing algorithms, of classifying coastal waters [the Spectral Angle Mapper (SAM)] and utilize the SAM to successfully isolate plume conditions in time series of downwelling irradiance and total absorption coefficient. We conclude with a discussion of the use of the SAM for coastal management operations.
Introduction
Improved understanding of interdisciplinary coastal ocean properties and processes is essential because the coastal ocean is utilized and affected most by human beings. Nearly half of the world's population now resides within 60 km of the coastal ocean, 1 resulting in significant intensification of anthropogenic pressures on coastal waters (e.g., increased loading in the form of sewage, industrial wastes, and agricultural runoff and their consequences for the health of the ocean; changing geomorphology of coastlines as a result of coastal structures). Therefore environmental issues in coastal zones throughout the world are becoming increasingly high on the list of societal concerns. Current coastal issues that affect public health and safety, marine ecology, and the economy may include harmful algal blooms (HABs), beach erosion, polluted beaches, and beach closure from runoff or reexposure and transport of buried contaminants, invasions of nonnative-nonindigenous species, overfishing, carbon budgets of productive coastal areas as they affect global warming, and suggested increases in the frequency and intensity of episodic events such as hurricanes and El Niño and the effects of these extreme events.
These significant environmental issues indicate a need for monitoring and assessment of coastal zones on relevant temporal and spatial scales. In the past few decades, the development and implementation of ocean color remote sensors has provided a method with which to map natural waters synoptically. However, the utility of these sensors for evaluating the status of coastal waters is highly dependent on the efficacy of ocean color algorithms required for relating satellite ocean color measurements to in-water quantities (see, e.g., Refs. 2 and 3) and on how these in-water properties relate to the concentrations of optically significant constituents such as phytoplankton, organic and inorganic particulates, and colored dissolved organic matter (CDOM). 4 -8 Traditionally, algorithms specifically developed to extract chlorophyll concentration (Chl) and in-water properties, or inherent optical properties (IOPs, described below), have been applied to ocean color remote-sensing data. 2, 3 Many of these algorithms are derived empirically from global input data sets that are dominated by open ocean samples. It is more difficult to create standard empirical algorithms for turbid coastal waters that comprise a wide variety of particle types and sizes and dissolved matter. It has been suggested that robust ocean color algorithms to derive property characteristics beyond algal versus detrital are severely limited. 9 Analytical, semianalytical, or quasi-analytical algorithms based on radiative transfer theory have also been developed to derive Chl and IOPs from ocean color data. 10, 11 These algorithms are generally more robust than empirical methods and can be applied to a broad range of optical water types. However, the effectiveness of these algorithms is dependent on accurate representation of the spectral shape of the backscattering and absorption coefficients of the water's individual constituents. Most semianalytical or quasi-analytical algorithms use empirical methods to estimate the spectral shape of the IOPs; again this method can be inadequate in turbid coastal waters. Finally, the optimization of analytical or semianalytical algorithms is computationally demanding, which makes it difficult to process large data sets such as satellite images. 11 The ability of ocean color remote sensors to characterize optically complex coastal waters by means of traditional methods (i.e., empirical, analytical, and semianalytical algorithms) is severely limited. Thus it is essential to recognize other, more robust techniques to identify specific coastal optical water masses based on the variability and relationships among IOPs and between IOPs and apparent optical properties (AOPs).
Here we analyze a rich time series data set of IOPs and AOPs (most hyperspectral) collected on a shallow-water mooring in the Santa Barbara Channel (hereafter simply the SB Channel). Our main objectives are to demonstrate the use of optics as a tool for classifying optical water masses and to present alternative methods for the interpretation of ocean color data for coastal management in optically complex waters. Specifically, we (1) show optical complexity by exploring relationships among various IOPs and Chl, (2) characterize optical water masses by their IOPs and Chl, (3) relate these optical water masses to AOPs (reflectance signals), (4) show that traditional empirical and semianalytical ocean color algorithms do not hold in this complex, optically dynamic environment, and (5) employ an optical classification scheme, the Spectral Angle Mapper (SAM), and discuss its application for coastal management operations.
Background

A. Optical Proxies
Analyses of relationships among IOPs such as spectral absorption, scattering, backscattering, and attenuation coefficients, along with Chl, can provide important information regarding the relative concentrations of optically significant constituents in a water column (see the review by Chang et al. 12 ). The total spectral absorption coefficient is a summation of its component absorption coefficients of CDOM, phytoplankton, detrital particles, and water [13] [14] [15] :
where the subscripts t, g, ph, d, and w denote total, CDOM (or gelbstoff), phytoplankton, detritus, and water, respectively, and signifies wavelength dependence.
CDOM is typically classified as material that passes through a 0.2 m filter, and it is generally assumed that CDOM absorbs but only minimally scatters light. Therefore, as the total attenuation coefficient is the sum of the total absorption and scattering coefficients:
where
(the subscript p denotes particulate), the relationship between the scattering and attenuation coefficients can be utilized as a first-order separation between dissolved and particulate matter. For example, if absorption were held constant, relatively high values of attenuation with lower scattering quantities would indicate the presence of CDOM, whereas high attenuation with high scattering would signify particulate matter.
The ratio of particulate backscattering to scattering, b bp ͑͒͞b p ͑͒, or the backscattering ratio, is related to particle size distribution and composition through the particle's index of refraction. 5, 16, 17 Because of their high water content, phytoplankton generally have relatively low indices of refraction (1.02-1.07 relative to water), whereas high indices of refraction ͑Ͼ1.1͒ typically signify inorganic particles. Hence relatively high (low) values of backscattering ratio generally denote inorganic (organic) particles, high concentrations of smaller (larger) particles, or both. However, some highly scattering phytoplankton species (e.g., coccolithophorids and single-cell diatoms) may exhibit backscattering ratios similar to those of inorganic particles. Measurements of Chl can aid in distinguishing between organic and inorganic highly scattering particles.
Boss et al. 17 show that a negative correlation exists between b bp ͑͒͞b p ͑͒ and the ratio of Chl to the beam attenuation coefficient, suggesting that Chl and beam attenuation may be used as proxies for particle composition in coastal waters. Chang et al. 18 
B. Field Experiment
The area of interest is the SB Channel in the Southern California Bight (Fig. 1) . 20 Physical forcing (e.g., upwelling, storms, and plumes) often controls optical variability in the SB Channel. Upwelling of cold, nutrient-rich bottom water leads to phytoplankton blooms, which generally take place during springtime (March through May) and to a lesser extent in late summer (August and September) in the SB Channel. The two most abundant types of phytoplankton are diatoms and dinoflagellates. 21 Other smaller primary producers found in the region are coccolithophorids and cyanobacteria. Sediment plumes, caused by runoff or resuspension, are observed mostly during winter storms and are more intense and more frequent during El Niño conditions. The majority of storm runoff ͑Ͼ70%͒ in the SB Channel occurs at the mouths of the Ventura and Santa Clara rivers (Fig. 1) . 22 Toole and Siegel 23 employed various statistical methods to determine the sources of variability of remote-sensing reflectance in the SB Channel. They demonstrated that biologically and terrestrially derived particles are significantly correlated with remote-sensing reflectance variability measured along a north-south transect across the SB Channel. Importantly, Toole and Siegel 23 found that nearly 67% of the observed variability in remote-sensing reflectance is contained in a backscattering mode, as opposed to 30% in phytoplankton-driven absorption. During the 1997-1998 El Niño, ocean color spectra of the Santa Clara River ͑ϳ25 km from the Ventura River) plume were controlled almost entirely by backscattering. Relevant optical instruments deployed on the SB CHARM include hyperspectral irradiance (at 4 and 10 m water depths) and radiance sensors (Satlantic, Inc., MiniSpecs at 2, 4, and 10 m; ϳ3.3 nm spectral sampling between 400 and 800 nm); a newly developed hyperspectral absorption-attenuation meter [WET Labs, Inc., ac-s; 4 m water depth; ϳ4 nm resolution from 400 to 730 nm], a spectral backscattering meter (WET Labs, Inc., ECObb3; 4 m depth; ϭ 470, 532, and 660 nm), backscattering sensors (WET Labs, Inc., ECObb; 10 and 22 m water depths; ϭ 532 nm), and chlorophyll fluorometers (WET Labs, Inc., ECOfl; at 4, 10, and 22 m depths) (definitions in Fig. 1 ). In addition, data from a phosphate analyzer (SubChem Systems, Inc., at 22 m depth), temperature-conductivity sensors (Sea-Bird; 4, 10, and 22 m water depths), temperature sensors (SeaBird and Onset Computer Corporation, every meter between surface and 24 m), and a bottom-mounted, uplooking acoustic Doppler current profiler (RD Instruments) are available for complementary analyses (Fig. 1 ).
Methods
Individual instrument sampling schemes are as follows; Radiometer data were collected every hour for ϳ1 min from 6 am to 6 pm, local time [Pacific Standard Time (PST)]. The ac-s sampled once per hour for 12 sec. The phosphate sensor sampled every 4 h. The ECObb3, ECObb, and ECOfl sensors burst sampled for ϳ12 s every 15 min. Finally, temperature and conductivity data were collected every minute and the ADCP sampled every 20 min.
Data Calibrations, Corrections, and Computations
All optical instruments were factory calibrated just before mooring deployment. The ac-s was factory calibrated again following the SB CHARM recoveries to quantify instrument drift. The difference between precalibration and postcalibration was accounted for during processing of absorption and attenuation data. Temperature and salinity corrections were applied to hyperspectral absorption and attenuation data following the methods presented by Sullivan et al. 24 (based on those of Pegau et al. 25 ). Finally, we assumed that the scattering error was a fraction, ε, of the measured scattering coefficient and this error was subtracted from the measured absorption at each wavelength ͑ ϭ 0.12͒. 26 Radiometer measurements of upwelling radiance, L u ͑, z͒, and downwelling irradiance, E d ͑, z͒, were self-corrected with shuttered dark counts collected hourly. In addition, L u ͑, z͒ and E d ͑, z͒ data collected before 9 am and after 5 pm PST were removed owing to erroneous glint patterns seen in the spectra caused by low Sun angles. We then computed reflectance, R͑, z͒, from radiometer-measured L u ͑, z͒ and E d ͑, z͒ spectra at z ϭ 4 m water depth:
We also estimated the remote-sensing reflectance, R rs ͑͒ to test empirical and semianalytical ocean color algorithms:
where L w ͑͒ is the water-leaving radiance, 1.04 and 0.54 are constants related to the (ir)radiance transmittance of the sea surface, 27 and notation 0 Ϫ and 0 ϩ denotes just below and just above the sea surface, respectively. L u ͑, 0
͒ were computed by use of the diffuse attenuation coefficients for upwelling radiance, K L ͑͒, and downwelling irradiance, K d ͑͒:
where z 2 and z 1 are different depths of radiometric measurements and z 2 Ͼ z 1 ͓z 2 ϭ 4 m and z 1 ϭ 2 m for calculations of K L ͑͒, and z 2 ϭ 10 m and z 1 ϭ 4 m for calculations of K d ͑͒. This method has been shown to be comparable to tethered surface buoy measurements of R rs ͑͒ and radiative transfer model results. 28 For ease of comparison and analyses, hyperspectral data from the radiometers and the ac-s were interpolated to 5 nm wavelength resolution from 400 to 715 nm. We assume that differences between b bp ͑532͒ and b p ͑530͒ are minimal and report the backscattering ratio as b bp ͑532͒͞b p ͑530͒.
Results
A. Water Masses: Hydrographic and Inherent Optical Properties
Hydrographic data show that the water column steadily changed from well-mixed waters in the winter to more-stratified waters in the spring Table 1 ]. Four different bio-optical signals are apparent in 4 m data; hereafter referred to as optical water masses (WMs) or types ( Fig. 3 ; Table 1 ). Hydrographically, water mass 1 (WM 1; 12-20 February) was relatively high in salinity [Ͼ33.1 practical salinity units (psu)] and stable in temperature 13°-14°C; Fig. 2 ]. Optically, WM 1 was relatively clear, with lower overall magnitudes a pg ͑410͒, b p ͑530͒, b bp ͑532͒, and c pg ͑650͒ (Fig. 3) (data not shown) . Ventura River plume waters were characterized as low in salinity (as low as 32.7 psu at 4 m) and relatively constant in temperature ͑13°-14°C͒ throughout the water column (Fig. 2) .
Ϫ1 before the storm. Current direction shifted from southeasterly to northwesterly, i.e., from the mouth of the Ventura River toward the SB CHARM site (Fig. 1) . Optical properties of WM 2 are higher in Chl and lower in backscattering and backscattering ratio ͓b bp ͑532͒͞ b p ͑530͔͒, revealing fewer inorganic particles and the existence of organic particles of low index of refraction, likely flagellates, cyanobacteria, or both. According to historical high-performance liquid chromatography results from the SB Channel, prasinophytes and cyanobacteria dominate algal populations in late winter to early spring.
Similarly to WM 1 and findings from previous studies, 23 relationships between a pg ͑410͒ and b p ͑530͒ and with c pg ͑650͒ for WM 2 and plume waters were constant and linear, indicating that particulates, as opposed to CDOM, controlled turbidity (Fig. 3) . The relationship between a pg ͑410͒ and b p ͑530͒ remained stable ͓b p ͑530͒͞a pg ͑410͒ Ϸ 2͔ as c pg ͑650͒ increased from ϳ0.9 to 4 m Ϫ1 [WM 2 and plume; Fig. 3(c) ]. This result further supports the hypothesis that little CDOM was present at the SB CHARM location. This is an unusual but not surprising result for Ventura River plume waters; the Ventura and nearby Santa Clara rivers are both dammed upstream and heavily silted. 22 Finally, b bp ͑532͒͞b p ͑530͒ values of plume waters were relatively high, denoting high-index-ofrefraction particles, most likely inorganic sediment (Fig. 3) . The backscattering ratio decreased with increasing Chl, representing a shift to low-index-ofrefraction of particles as Chl increased [ Fig. 3(k) ]. This is similar to results found by Twardowski et al. 5 and Boss et al. 17 Water mass 3 (WM 3) was highly variable in temperature ͑12.8°-16.3°C͒ and relatively constant in salinity ͑33-33.1 psu; Fig. 2 first component [WM 3 (i)] was present from 28 February to 1 March and was associated with residual, suspended, inorganic particulates from the Ventura River plume. Optical characteristics after the first of March show increasing concentrations of organic particles (phytoplankton; Fig. 3 ), which was facilitated by the advection of nutrients from the plume. Nearbottom phosphate concentrations reached maximum values of 0.90 M on 1-2 March. We hypothesize that the phytoplankton species composition consisted at least partly of diatoms: b p ͑530͒͞a pg ͑410͒ was relatively high, with low index of refraction and high Chl, indicating highly scattering, organic particles. Diatoms are quite common in the SB Channel in early spring and generally precede other phytoplankton blooms (e.g., dinoflagellates). 21 See Table 1 for a summary of the hydrographic and optical characteristics of the four water masses. 
B. Water Masses: Apparent Optical Properties
The different in-water bio-optical signals of the four water masses affected the spectral shapes of reflectance, R͑, 4 m͒ (Fig. 4) . R͑, 4 m͒ spectra for all water masses exhibited shapes that were a combination of estuarine and coastal water types, as shown in Fig. 3 of Ref. 29 . The peaks in R͑, 4 m͒ were at 550-570 nm, comparable to estuarine conditions, and the troughs in R͑, 4 m͒ at 420 and 520 nm were similar to coastal water types. 29 R͑, 4 m͒ was spectrally flatter for WM 1 and WM 3 compared to plume waters and WM 2. WM 1 and WM 3 R(, 4 m) slopes between the blue and green wavelengths were less steep than the other optical water masses, indicating higher concentrations of phytoplankton versus detritus or sediment (Fig. 4) . The R͑, 4 m͒ signature of WM 3 revealed more organic material and less backscattering than the other water masses; the central peak was shifted toward the blue end of the spectrum 555 nm. In addition, R͑, 4 m͒ for WM 3 at the bluegreen wavelengths was generally higher in magnitude than in the other water masses, and the trough at the blue wavelengths was broad (Fig. 4) . This shows a shift from sediment-detritus to phytoplankton. During WM 2 and plume conditions, the spectral slope of R͑, 4 m͒ between the blue and green wavelengths was steepest, reflecting a steep absorption spectrum and hence an increase in inorganic sediment, detritus, or both. The higher Chl and lower backscattering seen in WM 2 (compared to plume waters) is reflected in a higher fluorescence peak at R͑676, 4 m͒. Plume spectra display minimum natural fluorescence (i.e., lowest peak at 676 nm), and hence minimum phytoplankton concentration, of all optical water types (Fig. 4) .
Discussion
We utilize these results to show that traditional global empirical or even semianalytical or quasianalytical ocean color algorithms that employ empirical methods to define spectral shapes may be limited in optically dynamic and complex coastal areas such as the SB CHARM location. The most obvious example of such an algorithm is application of the Sea-Viewing Wide Field-of-View Sensor (Sea WiFS) standard operational algorithm, OC4v4. The OC4v4 is an empirical algorithm that is recommended for remote-sensing spectra that follow the criterion R rs ͑443͒ Ͼ R rs ͑490͒ Ͼ R rs ͑555͒ to derive Chl from Sea WiFS images. 30 Figures 4 and 5 show that SB Channel reflectance spectra do not abide by this criterion and therefore, not surprisingly, Chl derived from R rs ͑͒ does not match Chl measured in situ ͑r 2 ϭ 0.04͒. We also tested the global empirical algorithm developed by Lee et al. 2 that combines two spectral ratios of remote-sensing reflectance. Al- though the input data set used by Lee et al. 2 included data from both coastal and open ocean waters (Gulf of Mexico, Monterey Bay, and the North Atlantic), results from the application of this algorithm to SB CHARM data are similar to those of OC4v4 ͓r 2 ϭ 0.08; Fig. 5͑a͔͒ . Two algorithms with which to derive total absorption at 440 nm ͓a t ͑440͔͒ are also tested: an empirical method that uses reflectance band ratios 2 and a semianalytical method presented by Lee et al. 11 [ Fig. 5(b) ]. Results indicate that IOP derivations perform better than the Chl algorithms, and surprisingly the empirical method comparison ͑r 2 ϭ 0.1͒ is equivalent to that of the semianalytical algorithm ͑r 2 ϭ 0.1͒. This is likely due to the assumptions made about the shape of the backscattering spectra in the semianalytical algorithm (see Ref. 11) . Interestingly, agreement between derived and measured Chl and a t ͑͒ is better at higher values (Fig. 5) .
To test the accuracy of our R rs ͑͒ extrapolation method presented in Eqs. (5)- (7) [i.e., to ensure that differences between derived Chl and IOPs were due to algorithm assumptions and not to inaccurate measurements of E d ͑͒, L u ͑͒, or erroneously derived R rs ͑͒, we computed a t ͑͒ from derived K d ͑͒ [Eqs. 7(c) and 7(d)] and reflectance, by use of the method described by Morel and Maritorena: 31
where K d ͑͒ was computed from Eqs. 7(c) and 7(d) and measured E d ͑͒ and R͑͒ is the irradiance reflectance ͓R͑͒ Ϸ 3.5 ϫ R rs ͑, 0͔͒. Equation (8) 32 discussed the development and use of an empirical algorithm to estimate suspended particulate matter (SPM) in highly turbid waters. This algorithm requires accurate, a priori knowledge of the water body and sufficient in situ measurements for successful derivation of SPM.
When detailed in situ optical properties are not available for detailed analyses [e.g., a ph ()], a practical method for classifying optical conditions is the Spectral Angle Mapper (SAM), also referred to as a similarity index, which is based on techniques developed for digital imaging. The SAM is a classification technique used to categorize individual pixels in an image based on its spectral information. In general, the SAM compares each spectrum (or pixel in the case of digital imaging analyses) in a data set (image) with every end member for each class and assigns a value from 0 (low resemblance) to 1 (high resemblance). 33, 34 End members can be defined directly from the data set (image) being processed or from independent signatures measured in the field or laboratory. 34 We applied the SAM technique to available hyperspectral time series of R͑, 4 m͒, E d ͑, 4 m͒, and 4 m a pg ͑͒ to classify the spectral time series according to the substances in the water column. For our purposes, the SAM was used to calculate the angle, ␣, between two given spectra, e.g., a measured spectrum x and its average spectrum x avg : 33, 34 
and then we compared the resultant ␣ of x͑a x ͒ with that of a known index spectrum, y͑␣ y ͒. The relationship between ␣ x and ␣ y was then used to determine how closely x resembles y.
We employed the SAM technique with time series of normalized ͑to 715 nm͒ R͑, 4 m͒ and E d ͑, 4 m͒, and 4 m a pg ͑͒ (assuming a null wavelength hypothesis, 715 nm). We utilized normalized spectra to investigate similarities and differences between spectra that are due to spectral shape variations and not to magnitude. We defined x as all spectra measured from 11 am to 2 pm PST and y as the R͑, 4 m͒, E d ͑, 4 m͒, or 4 m a pg ͑͒ spectrum averaged over the time of the Ventura River plume (25) (26) in an attempt to isolate plume-like conditions (i.e., high concentrations of inorganic particles) at the SB CHARM location. Figure 6 shows that the SAM method, applied to R͑, 4 m͒, E d ͑, 4 m͒, and 4 m a pg ͑͒, is useful for identifying plume conditions. Results indicate that, according to R͑, 4 m͒, there were plume-like conditions at times during the deployment that were other than storm conditions. These periods (16 and 19 -24 February and 10 March) corresponded to periods of equal distributions of Chl, a d ͑410͒, and b bp ͑532͒͞b p ͑530͒. The presence of CDOM could have influenced the shape R͑, 4 m͒ to resemble that of plume conditions. The SAM accurately isolated E d ͑, 4 m͒ and a pg ͑͒ spectra that relate to the presence of highly scattering, highindex-of-refraction particles. The success of the SAM for E d ͑, 4 m͒ and a pg ͑͒ is due to the extreme change in turbidity and the spectral shape of a d ͑͒ of the river plume (Fig. 6) .
In optically dynamic coastal waters, where traditional ocean color algorithms fail to partition substances in the upper water column, methods such as the SAM can be used with ocean color images to classify in-water environmental conditions of a particular spectrum or pixel in a scene. Techniques such as the SAM are extremely valuable for many scientific and coastal management applications. Largescale, synoptic information about the marine environment in heavily populated coastal areas is necessary for the monitoring, identification, characterization, tracking, and mitigation of HABs; pollution and contaminants such as oil spills and outfall plumes; sand in the event of beach erosion; and biological signatures (larvae, specific phytoplankton species, etc.) for the purpose of maintaining and identifying marine protected areas. An example is described below. Despite the increasing occurrence of HABs throughout the world's oceans and the escalating number of organisms and resources affected, existing detection and mitigation techniques are limited, and present-day monitoring efforts are time and labor intensive, costly, or both. Spectral classification techniques such as the SAM, coupled with advanced opti- cal analyses such as spectral deconvolution, would be extremely useful for isolating unique spectral signatures of certain HABs from remotely sensed ocean color images. For example, the HAB Karenia brevis can be identified by its accessory pigment, Gyroxanthin-diester, which has unique absorption peaks at 444 and 469 nm (see, e.g., Refs. 33 and 36). If accurate phytoplankton absorption spectra can be extracted from satellite images or unique pigments can be identified from R rs ͑͒, automated identification and continuous monitoring of K. brevis is possible. 37 Additional satellite and complementary in situ data may also be used for ecosystem models to determine the environmental conditions in which these HABs form.
Summary
We have investigated relationships between in situ IOPs and Chl, measured on a mooring, to optically characterize water masses in turbid, dynamic, optically complex waters. Our results show that four distinct optical water masses were present at the SB CHARM site. WM 1 was relatively clear and dominated by high-index-of-refraction organic particles (e.g., coccolithophorids, single-cell diatoms). WM 2 was more turbid and consisted of mostly inorganic particles, with a small component of phytoplankton. An intense winter storm resulted in advection of Ventura River plume waters and high concentrations of inorganic particles at the SB CHARM site. WM 3 was characterized by residual inorganic particles from the storm plume and then shifted to high nutrient concentrations and phytoplankton-dominated waters (typically diatoms and then dinoflagellates in the SB Channel).
Reflectance spectra indicate that SB Channel waters from February to April 2004 were a combination of estuarine and coastal conditions. In this mere twomonth period, water types shifted from coastal conditions to more estuarine for plume waters, to more coastal conditions toward springtime. The different R͑, 4 m͒ spectral shapes influence the interpretation of remote-sensing data and the development of algorithms to derive Chl and IOPs from ocean color satellite images. Traditional empirical algorithms that utilize large data sets to identify relationships between ratios of reflectance ͓or L wn ͔͑͒ to Chl or IOPs are not applicable in such an optically dynamic oceanic region. In situ optical proxies can aid in the determination of particular optical water masses, and thus appropriate algorithms can be developed and employed. Specific optical signatures were detected and isolated by use of advanced spectral analyses, i.e., the SAM, which has implications for coastal management issues such as detection and tracking of contaminants, identification of harmful algal bloom, and monitoring of storm-induced beach erosion and runoff.
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